Subjective expectations about future income changes are analyzed, using household panel data. The models used are extensions of existing binary choice panel data models to the case of ordered response. We consider both random and xed individual eects. The random eects model is estimated by maximum likelihood. The xed eects model is estimated by combining conditional xed eects logit estimates using minimum distance. We nd that income change expectations strongly depend on realized income changes in the past: those whose income fell, are more pessimistic than others, while those whose income rose are more optimistic. Expected income changes are also signicantly aected by employment status and family composition. Using the same type of models, subjective expectations are then confronted with the head of household's ex post perception of the realized income change for the same period. The main nding is that households whose income has decreased in the past underestimate their future income growth.
Introduction
In life cycle models of household behavior, future expectations play a central role. Decisions on consumption, savings, portfolio choice, labor supply, etc., not only depend on current v ariables, but also on the subjective distribution of future income, prices, etc. (see, for example, Deaton, 1992) . In empirical studies of life cycle models, direct information on households' future expectations is rarely used. Instead, the standard approach i s to infer expectations from panel data on realizations.
1 This leads to the assumption of rational expectations, or to some alternative explicit model of expectation formation. 2 Exceptions to this approach are Guiso et al. (1992 Guiso et al. ( , 1996 , Lusardi (1993) , and , who use characteristics of subjective income distributions directly derived from survey data as explanatory variables to explain consumption, savings or portfolio choice. This type of studies has lead to an increasing interest in data on and the modelling of income expectations. Guiso et al. (1992) and Dominitz and Manski (1996) analyze data on subjective income distributions on the basis of a cross-section. use panel data and show that expected changes in income are signicantly correlated with actual income changes. Das and Van Soest (1996) explain expected income changes from previous income changes. They also analyze dierences between income expectations and realizations over the same time period, and nd that many people underestimate their future income, particularly those whose income has fallen in the past.
While Das and Van Soest (1996) focus on one panel wave, this paper uses an unbalanced panel of Dutch households for the period 1984 1989 . In this way, w e can analyze the robustness of the results over time. This is particularly important due to the potential presence of macro-economic shocks, which m a y imply that results are time specic. Moreover, it allows for the incorporation of xed household specic eects. To our knowledge, this is the only survey in which information on income expectations for the same households are available for a number of consecutive y ears. We focus on income expectations and realizations and use the same survey questions on actual and expected income changes as and Das and Van Soest (1996) , drawn from the Dutch Socio-Economic Panel (SEP).
The survey questions refer to categories and do not provide information on exact realized or expected income changes. Our dependent v ariables are therefore of an ordered discrete nature. Although the literature on panel data has expanded rapidly, economic applications of panel data models for discrete data are rather scarce. Examples can be found in Chamberlain (1984) and Pfeier and Pohlmeier (1992) . 3 Most applications for discrete data consider a binary response. We extend the binary response model to the case of ordered response.
We consider both random and xed individual eects. The extension in the random eects case is straightforward. In the xed eects case, we use the conditional logit approach b y Chamberlain (1980) after aggregating adjacent categories to two categories. The nal estimate for the ordered response model is then obtained by combining the estimates for separate combinations of categories with a minimum distance procedure.
We basically aim at answering the following questions: Is the use of our type of subjective data feasible and is it useful? The rst question boils down to asking: do the answers make sense? We claim that they do, by describing them for the six years and by showing that their relation to various background variables is rather robust over time and of the expected sign. The second question can be restated as: are the subjective data in conict with the usual assumptions on rational expectations and (absence of) macro-economic shocks? Our analysis of the deviations between expectations and realizations suggests that they are, and that the assumptions on rational expectations or absence of macroeconomic shocks are not valid. This makes it worthwhile to replace these assumptions by information based upon the subjective information in the data.
The organization of the paper is as follows. In section 2 we formulate the panel data model for the ordered responses. In section 3 we use this model to explain income change expectations. Among the explanatory variables are the actual income level and information on the realized income change during the previous year. To see whether dierent social groups have (ceteris paribus) dierent income expectations, we also include dummy v ariables for being unemployed, disabled, or retired. In section 4 we rst look at subjective information on realized income changes and show that it relates quite well to more traditional measures of income change, at least on average. We then use the same type of econometric model to compare the expectations in year t with the realizations in year t + 1 ( t = 1984; : : : ; 1988). The dependent v ariable is then based upon the dierence between the answers to the questions on expected and realized income changes. Finally, in section 5, we summarize our ndings.
2 Panel data models for ordered categorical data Our starting point is the well-known binary choice panel data model with time varying parameters and individual eects: y i;t = 0 t x i;t + i + u i;t ; i = 1 ; : : : ; N ; t= 1 ; : : : ; T y i;t = 1(y i;t 0) (1) in which t 2 I R k and 1(A) is the indicator function which is equal to 1 if A is true and 0 otherwise. The index i represents the household and index t represents time. Instead of observing (y i;t ; x 0 i;t ) 0 one observes (y i;t ; x 0 i;t ) 0 , in which x i;t is a k-dimensional vector of explanatory variables, including a constant term.
We assume that x i and u i are independent, where x i = [ x 0 i;1 ; x 0 i;2 ; : : : ; x 0 i;T ] 0 and u i = [u i;1 ; u i;2 ; : : : ; u i;T ] 0 . The mutually independent disturbances u i;t are assumed to follow some distribution with mean 0 and variance 2 . In this paper we consider the normal and the logistic distribution.
It is straightforward to extend model (1) to allow for more than two outcomes for y i;t . Suppose y i;t can take p possible outcomes. As in model (1), these outcomes are assumed to be determined by an underlying latent v ariable y i;t . The relation between y i;t and the underlying latent v ariable is modelled by y i;t = 0 t x i;t + i + u i;t ; i = 1 ; : : : ; N ; t= 1 ; : : : ; T y i;t = j if m j 1 < y i;t m j j = 1 ; : : : ; p (2) where m 0 = 1 and m p = 1. T o identify the model, location and scale have to be xed.
For the individual eect i we will discuss two specications. In section 2.1 the individual eect is assumed to be random and in section 2.2 the individual eect is treated as a xed eect.
Random eects specication
The random eects model consists of model (2) together with additional assumptions on the random individual eect i . W e assume that i is normally distributed with mean 0 and variance 2 . 4 Moreover, we assume that x i ; u i ; and i are independent. In general, the likelihood function for model (2) is a T-variate integral. However, under the assumption of independence made above, the multivariate integral can be reduced to a single integral by i n tegrating out the individual eect. The integrand is then a product of one normal density and T dierences of values of the distribution function F of u i;t , (with a scale parameter) [see Butler and Mott (1982) ). The boundaries m j (j = 1 ; : : : ; p 1) are assumed to be constant across individuals.
The model described so far is only applicable for balanced panels. Since the data set we use in our analysis is unbalanced, the notation should slightly be adapted. Dene
1 if individual i is in wave t 0 otherwise:
We assume that c i;t is independent o f u i;t and i , implying that we do not allow for selection or attrition bias. 
Fixed eects specication
One major limitation of the random eects specication is the assumption that the individual eect i is uncorrelated with the x i;t . This can be relaxed by treating i as a xed eect implying that each i becomes an unknown parameter. In the xed eects specication, the levels of the slope coecients t;k are only identied if the corresponding regressors x i;t;k vary over time. For time-invariant x i;t;k , only the dierences t;k s;k are identied, implying that without loss of generality, the coecients of one time period can be normalized to zero.
In this xed eects model, the number of parameters increases with the number of individuals N. ML estimates of the i and the t;k will be inconsistent i f N becomes large but T is nite. This is known as the incidental parameter problem (Neyman and Scott, 1948) . For the binary choice panel data model, Chamberlain (1980) suggested an approach based upon a conditional likelihood function to estimate the t;k . The key idea is to work with a conditional likelihood function, conditioning on sucient statistics for the nuisance parameters i . This idea works if the disturbance terms u i;t are iid and follow a logistic distribution. In that case the minimum sucient statistic for i is P T t=1 y i;t . Given this statistic, the contribution of individual i to the conditional likelihood function is, in case of a balanced panel ; It does not depend on the incidental parameters i and the conditional ML estimator of t is, under mild regularity conditions, consistent and asymptotically normal. A direct extension of this approach to an ordered response panel data model where the dependent v ariable has p > 2 possible outcomes, is not straightforward and even seems impossible. However, we can combine adjacent categories so that the dependent variable is summarized as a binary variable, and then use the conditional logit method. If we repeat this for all the possible combinations of adjacent categories, we get p 1 estimates of the parameters of interest.
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These estimates can then be combined into one nal estimate of the parameters of interest by using minimum distance. See Appendix A for some details.
It is straightforward to extend this estimation procedure to the case of an unbalanced panel. Again, the notation should slightly be adapted. We dene c i;t as in (4) and assume that c i;t and u i;t are independent to exclude attrition and selectivity bias. Then the conditional probability for the binary case [cf. (5) The unbalanced nature of our data is also the reason why w e do not consider quasi xed eects models [see Chamberlain (1984) ] in which i is allowed to be correlated with the x i;t . The fact that x i;t is unobserved in some waves would then lead to ad hoc adjustments of the correlation pattern (or to joint modelling of the x i;t with the y i;t and the specication and computational problems involved with that).
722 of them are in the balanced subpanel (10.5%). This is the reason why w e do not estimate the model for the balanced subpanel only, but focus on the unbalanced panel. For 14% of all households the required information is available in ve w a v es, for 18% in four, for 16.8% in three, and for 16.4% in two w a v es. The remaining households (24.3%) provided information for only one wave. Most of those who are in more than one wave, participate in consecutive w a v es. In the nal data set used for estimation, about 24% are included in non-consecutive w a v es, mainly due to item nonresponse. The numbers of observations per wave are included in Table 1 .
Heads of households are asked to answer the question What will happen to your household's income in the next twelve months? Possible answers: strong decrease (1); decrease (2); no change (3); increase (4); strong increase (5).
The distribution of the answers, which will be denoted by EXP t (t = 8 4 ; : : : ; 89), are given in Table 1 . We see that except for 1984 the number of households expecting a strong decrease is relatively low. If we aggregate the categories strong decrease and decrease we see that, with the exception of 1987, the number of households expecting a fall in household income decreases. This is also reected in the mean value of EXP t : it generally increases, with a small drop in 1987. Since the number of answers in the categories strong decrease and strong increase is quite low, we decided to combine categories 1 and 2 and categories 4 and 5. This means that we h a v e three possible outcomes for the dependent v ariable EXP t : p equals 3 in equation (2). The explanatory variables in the equation for the underlying unobserved variable include (dummies for) income changes in the past, sex, age, actual income, and dummy v ariables for the labor market status of the head of household and spouse. We refer to Tables B1 and B2 in Appendix B for denitions and summary statistics of these variables. First we estimate the ordered random eects model described in section 2.1. We x m 1 = 1 b y means of normalization. The random eects i are assumed to be normally distributed. For the distribution of the error terms u i;t , w e c hoose the (standard) logistic distribution. We also estimated the random eects model with a normally distributed u i;t . The results were almost the same. That is, the same parameters were signicant and all these signicant parameters had the same sign. Vuong's (1989) model selection test, however, suggests that the model with logistic u i;t ts the data signicantly better than the model with normally distributed u i;t .
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The total number of observations in the pooled sample is equal to 6845. Estimation results are presented in Table 2a . No restrictions are imposed upon the slope coecients across the various waves. The estimates here are very similar to the estimates obtained when estimating the cross-section model for each separate wave. The only joint elements are the boundary m 2 , and the variance of the random eect, which picks up about 20% of the total error variance ( 2 u , the variance of the standard logistic distribution, is equal to 2 =3). Joint estimation has the advantage that stability of coecients over time can be tested straightforwardly. The test results are presented in the nal column of Table 2a . 8 7 The realization of the test statistic, that should be compared with a critical value of the standard normal distribution, is equal to 14:8. 8 All tests are Wald tests, based upon imposing T 1 = 5 restrictions in the general model. 1) = signicant a t 5 % l e v el.
2) Null hypothesis: coecient corresponding to explanatory variable does not vary over time; R = rejected, NR = not rejected (signicance level: 5%).
The 1984 estimates are similar to those in Das and Van Soest (1996) . Many of these appear to remain stable over time. However, a joint test on the stability of the coecients AGE and AGE2 rejects the null hypothesis that the age pattern remains constant o v er time. This suggest that there might be some cohort eect. Households with a female head tend to be less optimistic than other one earner households: the coecient of SEX is negative and signicant in three of the six years. Except for 1985 and 1988, two earner households have signicantly lower expectations of income changes than other households headed by males. For none of the years, retired family heads are signicantly dierent from working heads. For the dummy v ariables corresponding to unemployed and disabled family heads, stability o v er time is rejected. Both reveal a similar tendency: unemployed and disabled heads are signicantly more pessimistic than workers (with the same income) in the rst ve y ears, but the dierences decline and have basically disappeared in the last wave. For the disabled, this may w ell reect anticipation to the institutional changes in disability benet access and levels that started in 1985 and were completed in 1987. For the unemployed, it probably reects larger expected chances of nding a job due to the upswing of the business cycle.
Those who experienced an income decrease in the past have a larger probability o f expecting another income decrease than others (ceteris paribus). This eect is not stable over time and tends to become smaller, but it remains signicant throughout the time period under consideration. On the other hand, those who experienced an income increase tend to remain less pessimistic than others, and the dierence with those whose income did not change during the last twelve months (the reference group) remains stable over time.
Stability o v er time of the relation between income expectations and the level of actual income LOG INC (objectively measured), is rejected at the 5 % level. Still, the eect is always positive, and signicant in three out of the six years. This suggests a tendency of increasing income inequality: the rich relatively more often expect to get richer, the poor expect to get poorer. We come back to this below, where we link this to the ndings for the xed eects model.
In the xed eects specication, the assumption of independence between the individual eect and the covariates are relaxed (see section 2.2). We normalized the constant term and the coecients of the variables SEX, AGE, and AGE2, which do not vary over time or vary over time in a deterministic way, to zero for the rst wave. Using Wald tests for each of these variables separately, w e found that these variables were insignicant a t the 5 % level for the other waves. The results we present are those obtained after excluding these variables. Note that with the estimates of the xed eects specication we d o not use data on the households that provided all information in just one wave.
In our application the number of categories p is equal to 3: decrease (EXP t < 3), no change (EXP t = 3), and increase (EXP t > 3). As mentioned in section 2.2 we summarize the ordered categories into two categories so that we can use the conditional logit procedure. This means that there are two possible summaries: 2 versus 3 and 4, and 2 together with 3 versus 4. By using a minimum distance step we combine these two estimators to get the nal estimates for the t 's. These nal results are shown in Table 2b . For the variables referring to realized income changes in the past, the results are basically the same as those for the random eects model. Those whose income decreased in the past are signicantly more pessimistic, and those whose income increased are more optimistic than those whose income remained unchanged. The results for the labor market status variables are also similar to those in Table 2a . The only remarkable dierence is found for t = 89. In Table 2a DUNEM, DDIS, and DRET are not signicantly dierent from zero while in Table 2b all these parameters are signicantly positive. This suggests that in 1989 those heads of households who became unemployed, disabled or retired are less pessimistic about future income growth than the employed heads.
Only for the variable LOG INC we nd a result which is substantially dierent from that in the random eects model. The coecient is negative instead of positive, and signicant in three out of the six waves. An explanation is that the xed individual eect is positively correlated with income. Thus those with higher 'permanent' incomes are on average more optimistic than others. This is revealed by the positive sign in the random eects model. It suggests that heads of households expect that dierentials in incomes per year between those with high and those with low permanent income tend to increase over the life cycle. The estimates of the xed eects model then tell us that, conditional on the xed eect and permanent income, those whose income is unusually low in a given period often expect an income rise while those with relatively high income expect their income to fall. This corresponds to the notion that the deviation between actual income and permanent income can be seen as transitory, and that the expected change in transitory income is negatively related to the level of transitory income.
The xed eects specication is a generalization of the random eects model. The two can be compared using a Hausman test. If the random eects model is correctly specied, the random eects ML estimates for the t are consistent and asymptotically ecient. The estimates of the xed eects model are consistent as long as the xed eects specication is correct. The Hausman test is based upon the dierences of the two sets of parameter estimates. The test leads to a clear rejection of the random eects specication, on every sensible signicance level.
Comparing expectations with realizations
Family heads were also asked to answer the question Did your household's income increase, decrease, or remain unchanged during the past twelve months?
The possible answers, which w e denote by PREV t (t = 8 4 ; : : : ; 89), are the same as for EXP t . The distribution of the answers is given in Table 3 . If we compare Table 3 with Table 1 we see that the dispersion in realized income changes is much larger than in expected income changes. There are quite a lot of households who experienced a strong decrease or a strong increase. This is not surprising, since the expected income change refers to some location measure of the household's (subjective) income change distribution, while the realization is one draw from the (actual) distribution of income change. The dispersion in the latter is therefore not only due to variation in income growth distributions across families, but also to the uncertainty of the income change for a given household. Further, we see that the mean values for PREV t follow the same increasing pattern as the mean values for EXP t , with a dip in 1987. The relatively low (mean) expectation in 1987 (for the twelve months after October 1987) might t h us be explained by the dip in realized income changes for the twelve months preceding October 1987. Figure 1 shows the relation between the answers to the subjective income change question and the objectively measured change in actual real total family income over the same time period (using the consumer price index for each y ear). We present the median real income change for families with given value of PREV. The results are quite stable over time, except for those who experienced a large decrease. For those who reported no change (PREV = 3), the median real income change varies between 0.4% and 1.5%. For those who reported an income decrease, the medium real change varies from -1.5% to -0.5%; for those who reported an increase, it varies from 4.2% to 6.0%. These numbers are more stable if we look at real income changes rather than if we w ould consider nominal income changes. In Das and Van Soest (1996) we already argued that the subjective answers reect real rather than nominal changes. Figure 1 provides further evidence to support this conclusion. For those reporting a strong increase, the median varies between 12.1% and 17.1%. Only for those who reported a strong decrease, the pattern seems nonstationary, and the median falls from -5.9% to -16.8%. Note, however, that this group has become quite small in 1989 (see Table 3 ).
Although the questions are not very well specied, it seems reasonable to assume that the head of household has the same concept in mind while answering the questions on PREV t and EXP t . Due to the panel nature of the data set we can compare the expectation of income change (provided in wave t-1) with the realization for the same time period (provided in wave t). If PREV t is larger than EXP t 1 then we can say that the head of household ex post appears to have underestimated household income growth. Analogously, if PREV t is smaller than EXP t 1 then the income growth is overestimated. Note: A conditional sign test is carried out to test whether the probability o f o v erestimating equals the probability of underestimating future income growth. The third column displays the test-statistic that should be compared with critical values from the standard normal distribution. Table 4 shows the frequencies of households who under-and overestimated their income changes. In all cases, we see that the percentage of families underestimating exceeds the percentage of families overestimating future income growth. Except for 1986-1987, this dierence is highly signicant. We nd it hard to believe that unanticipated macroeconomic shocks explain the fact that this happens several times in a row. Although macro-economic changes may w ell be correlated over time, we see no reason why the unanticipated element in them should.
A possible weakness of the confrontation of expectations with realizations given above might be implied by the vague wording of the question. If someone has experienced strong decreases in the past, one may h a v e got used to it, and won't use the word strong again (habit formation eect). To eliminate this problem, we recalculated the test-statistics in Table 4 , but now after combining the categories 1 and 2 and the categories 4 and 5, so that the dierence between strong and moderate is eliminated. The values of the test-statistics for the ve y ears are then given by 1 4 : 2 ; 10:3; 0:1; 12:3, and 14:8. Again, the underestimation is signicant in four years. Only for 1986-1987 the result is not signicant.
In Table 5 we present the estimates of an ordered response panel data model with xed eects explaining the deviation DEVIATION t = EXP t 1 PREV t between income change expectation and income change realization for the same time period. The model and estimation strategy are those discussed in section 2. The possible values of the dependent v ariable range from 4 (strong underestimation of future income) to 4 (strong overestimation). This would lead to 8 possible conditional logit estimates. However, because of the low n umbers of observations in the extreme categories and for computational convenience, we only used two summaries of the data: DEVIATION t < 0 v ersus DEVIATION t 0 and DEVIATION t 0 v ersus DEVIATION t > 0. The two conditional binary logit estimates are combined using minimum distance.
Again, for each v ariable, a Wald test is performed on stability o v er time of the corresponding parameter. Moreover, an additional Wald test is carried out to test whether all parameters corresponding to a specic explanatory variable are equal to zero. Except for the variables LOG INC, DUNEM, and DTWO both tests reject the null hypothesis. The unemployed heads do not signicantly dier from working heads and heads of two earner households do not underestimate more or less than other male family heads. Disabled heads have tended to underestimate signicantly more than employed heads in 1988 and 1989. An interpretation of this is that people expected stronger consequences of the reforms of the system of disability benets. (2) 0 : all the coecients corresponding to explanatory variable are equal to 0 (R = rejected, NR = not rejected, signicance level = 0.05).
The eects of DECR 1 and INCR 1, the variables indicating an income decrease or increase in the past, are not stable over time.
11
Still, the eect of DECR 1 is signicantly negative and the eect of INCR 1 is signicantly positive in all years. This implies that those whose income has fallen have a larger probability of underestimating than others. This result was also found by Das and Van Soest (1996) . We nd that this result is robust over time.
The main ndings of this analysis are the following. First, the number of people underestimating future income growth is larger than the number of people overestimating income growth. Second, the tendency to underestimate varies with labor market status and income change history. In particular, those whose income has fallen in the past tend to underestimate future income growth. Various explanations could be given for this nding. First, it could be a statistical artifact due to the fact that we are comparing an ex ante location measure with an ex post realization. Even if households' subjective and actual income change distribution are the same, some heads of households will overestimate and some will underestimate, and, due to the categorical nature of the data, the numbers of those who underestimate and overestimate are not necessarily the same (see Manski, 1990, p. 937) . Although this might explain why w e nd an overall tendency of underestimation, we do not think that this argument can explain why particularly those whose income fell in the past underestimate.
The second explanation would be the existence of (unexpected) shocks which are correlated across households with certain characteristics. For example, if macro-economic growth rates are larger than expected for various years in a row, this could explain why w e nd underestimation on average. Again however, it seems hard to imagine that positive shocks are particularly relevant for those whose income has fallen in the past.
The third explanation is that people's expectations are not rational, and that households whose income has fallen are simply too pessimistic. This could mean that heads of household tend to view negative income changes too much as permanent.
Conclusions
We h a v e analyzed subjective data on income change expectations and realizations using panel data covering the period 1984 1989. Comparing the subjective data with in-formation on actual income suggests that, on average, the data are consistent with the notion that people consider percentage changes in real income. For all panel waves, we nd that income growth expectations are strongly aected by previous income changes. The impact of labor market status variables is less stable over time, and this can partly be explained by institutional changes in the time period considered. Comparing random eects and xed eects estimates of the coecient of the actual income level leads to the conclusion that those with higher permanent incomes generally have higher expected income growth than others. On the other hand, those with low or negative transitory income often expect an income rise, while those with high transitory income expect their income to fall.
Comparing expected and realized income changes for the same time period, we nd for all waves but one that on average, future income growth was signicantly underestimated. In particular, people whose income decreased in the recent past tend to be too pessimistic. It seems hard to imagine that this is caused by unanticipated macro-economic shocks. First, we cannot think of shocks which w ould aect those with a specic income change (and not a specic income level). Second, the eect is remarkably persistent o v er time. A plausible alternative explanation seems to be that people's expectations are not rational, and that negative transitory incomes are too often considered to be permanent.
Our results thus cast doubt on using the assumption of rational expectations, a common assumption in many empirical studies of life cycle models. Moreover, our results suggest that subjective survey questions contain valuable additional information, which can be used to replace this assumption. Incorporating this in a life cycle model thus seems a promising topic of future research.
Appendix A In this appendix we present some details on the estimation procedure in the ordered response panel data model with xed individual eects. For details on the binary case we refer to Chamberlain (1980) . First we combine adjacent categories so that the dependent v ariable y i;t is summarized as a binary variable. There are p 1 of such combinations and for each combination we use the conditional logit method proposed by Chamberlain (1980) Appendix B 
